Abstract-People usually get involved in multiple social networks to enjoy new services or to fulfill their needs. Many new social networks try to attract users of other existing networks to increase the number of their users. Once a user (called source user) of a social network (called source network) joins a new social network (called target network), a new inter-network link (called anchor link) is formed between the source and target networks. In this paper, we concentrated on predicting the formation of such anchor links between heterogeneous social networks. Unlike conventional link prediction problems in which the formation of a link between two existing users within a single network is predicted, in anchor link prediction, the target user is missing and will be added to the target network once the anchor link is created. To solve this problem, we use meta-paths as a powerful tool for utilizing heterogeneous information in both the source and target networks. To this end, we propose an effective general meta-path-based approach called Connector and Recursive Meta-Paths (CRMP). By using those two different categories of meta-paths, we model different aspects of social factors that may affect a source user to join the target network, resulting in the formation of a new anchor link. Extensive experiments on real-world heterogeneous social networks demonstrate the effectiveness of the proposed method against the recent methods.
I. INTRODUCTION
In recent years, online social networks such as Facebook, Twitter and Instagram have tremendously altered the way we communicate together. Nowadays, people use multiple social networks, simultaneously. For example, people write their daily news in Twitter while sharing their photos in Instagram. To fulfill the need for new services, modern social networks with different services and characteristics have emerged and try to attract users of other social networks. An important task for these networks is to find the users of other networks who are likely to join them, for targeted advertisements. On the other hand, the major existing social networks try to preserve their users. Therefore, it makes sense for them to find the potential outgoing users and keep them active by providing special offers. As a result, it is important to predict which users may switch from an elder social network to a newer one, in the near future.
In general, some users may be shared between an elder social network, which we call source network, and a newer social network, which we call target network. These common users are known as "anchor users" and the connection between the accounts of an anchor user in different networks is abstractly referred as inter-network link called "anchor link" in the literature [1] . We want to find non-anchor users, i.e. unshared users, from the source network who most likely will join the target network in the future. By joining a non-anchor user from the source network to the target network causes an anchor link to be formed. This problem is equivalent to predicting anchor links which will be formed in the future. Fig. 1 illustrates the formation of anchor links.
Predicting the formation of links in a social network have been studied extensively in recent years. However, the anchor link prediction problem studied in this paper is different from traditional link prediction tasks. The main difference comes from the fact that in conventional link prediction problems, both endpoints of the missing links are presented in the same network, while in anchor link prediction problem, one of the two endpoints (which is the target one) is missing and will be added to the target network once the anchor link is created. Moreover, the problem of "anchor link inference", which has proposed in [1] , is another related work that is totally different from anchor link prediction. In anchor link inference problem, the goal is to discover the correspondence between accounts of the same users across multiple networks. In other words, the goal of anchor link inference is to detect anchor links which exists in reality between networks, but are unknown. On the contrary, anchor link prediction problem aims to predict formation of anchor links in the future.
Preliminary works on link prediction had only concentrated on the network structure to predict the future links, while there are many other types of information, such as locations and posts contents, that can be leveraged. In order to use the abundant information in social networks, the recent trends in link prediction have changed their focus from homogeneous networks to heterogeneous ones [2] - [5] . Unlike homogeneous networks which are only composed of single type of nodes and links, in heterogeneous networks, multiple types of nodes are related using multiple types of links. For example, alongside with users and locations that can be considered as different node types of a heterogeneous social network, social links among users, and location links between users and locations, are instances of different kinds of links. In this paper, we have focused on prediction of anchor links by leveraging heterogeneous information, and formulated both the source and target networks as two heterogeneous social networks. The anchor link prediction problem in heterogeneous networks is a challenging issue, and some of these challenges are as follows:
‚ Lack of features: The extraction of heterogeneous features that are capable of utilizing heterogeneous information of both source and target networks for the anchor link prediction problem is a challenging prerequisite which has not been addressed yet.
‚ Missing target node: The conventional link prediction approaches cannot be extended to solve the anchor link prediction problem, since the target node is missing in the later one. This issue puts forward a big challenge to be addressed.
‚ Network difference problem: The source and target networks may have different structure and characteristics. This problem which is referred to as heterogeneity between source and target networks in [6] , is another challenge of anchor link prediction. In this paper, we propose a meta-path-based approach called CRMP (Connector and Recursive Meta-Paths) to solve the anchor link prediction problem. We use meta-paths as a powerful tool to model the effective social factors that affect a source user to join the target network. Using network schema of both the source and target networks, and existing anchor links, we introduce two meta-path categories: connector metapaths and recursive meta-paths. Each of these two class of meta-paths model different aspects of social factors between anchor and non-anchor users and provide a feature building mechanism that are independent of the underlying networks. We formulate the problem as a binary classification task and utilize connector and recursive meta-paths to extract a feature vector for each non-anchor user to predict formation of anchor links. Extensive experiments on real-world social networks show that the proposed CRMP method outperforms the recent relevant methods.
The rest of this paper is organized as follows. Section II provides the related works. In section III, we present the problem formulation. We will explain the proposed method in section IV. Experiment results are discussed in section V. Finally, we conclude the paper in section VI.
II. RELATED WORKS
The problem of link prediction in social networks have been studied extensively in recent years [7] - [10] , and many distinct methods have been proposed to solve this problem. Proximitybased approaches are from the earliest methods in which a measure of similarity like common neighbors, Jaccard coefficient, and Adamic/Adar index [12] are defined between two nodes, and missing links are being ranked based on the this measure. Another class of methods are probabilistic methods [13] - [15] in which a probabilistic model of link creation is fitted to the network data, and prediction is performed based on the probabilities inferred from the model. In supervised classification-based methods [16] , a binary classifier is trained by using the feature vectors extracted for each link in the network, to predict links.
The preliminary works have been focused on homogeneous networks containing single type of nodes and links. Recently, the use of heterogeneous information in link prediction problem has gained much attention. Sun et al. [3] used a meta-pathbased approach called PathPredict to predict co-authorship links in heterogeneous bibliographic networks. Yang et al. [17] proposed a probabilistic method called MRIP to predict links in heterogeneous networks. Cao et al. [4] also suggested a meta-path-based method to predict multiple type of links in heterogeneous information networks. Kuo et al. [18] devised an unsupervised method using aggregative statistics for link prediction problem in heterogeneous networks.
More recent works on link prediction were focused on using multiple heterogeneous social networks to enhance performance of link prediction tasks [5] , [19] , [20] . Besides, the problem of anchor link inference were suggested by Kong et al. [1] and a method called MNA were proposed to detect unknown anchor links across multiple heterogeneous social networks. Zhang and Yu [11] also proposed a method called CLF to infer both anchor and social links, simultaneously. Meanwhile, the problem of anchor link prediction has not gained much attention in the research community, until recently. To the best of our knowledge, the closest proposed method to the anchor link prediction problem, is the CICF method of Wu et al. [6] . The main idea of CICF is to transfer knowledge only through those anchor users who behave consistently across both the source and target networks. However, they formulated the problem as a cross-domain learning task, and thus missed some other important factors such as peer influence that affects the formation of anchor links. Furthermore, they did not intend to use heterogeneous information and the task of feature extraction is delegated to the application. Table I shows a comparison between link prediction, anchor link inference, and anchor link prediction problems. Besides the conventional link prediction studies, there are other works that are related to the problem of anchor link prediction. In [21] , the most important factors that cause users to switch between social networks are investigated, empirically. They used the Push-Pull-Mooring model of migration [22] as a basis, and categorized different factors into push, pull, and mooring. However, they did not propose a model for prediction of user migration in social networks. In another related work [23] , Backstrom et al. have studied the formation and evolution of communities in social networks. They have shown that for a user, both number of her friends and the associated share of her friends' activities in the target community have great impact on her to join that community. We have used the results of these studies as a background theory for the proposed method.
III. PROBLEM FORMULATION
In this section, we will give the formal definitions of important concepts that have been used in this paper and the formulation of the anchor link prediction problem.
A. Terminology Definition Definition 3.1: (Heterogeneous Social Network) A social network with multiple kinds of nodes and links is called a heterogeneous social network. It is represented as G " pV, Eq where V " Ť i V i is the set of different nodes and E " Ť j E j is the set of different links.
Definition 3.2: (Network Schema [24] ) The schema of a heterogeneous network G is a graph S G " pν, εq where ν is the set of different node types and ε is the set of different link types in G. 2 represents the schema of a heterogeneous social network, where user, post, location, word, and time are considered as different node types, and follow, write, written at, checkin at, and contain are different link types. In this paper, we have used Twitter and Foursquare (which are both heterogeneous social networks) as the source and target networks, respectively. They have the same schema as shown in Fig. 2 . However, the proposed framework does not depend on this specific network schema and one can define his own schemas for the source and target networks depending on the social networks used in application. Using this network schema, we formulate source and target networks as
, and W g denotes the set of users, posts, locations, timestamps, and words relative to network g " s or t, respectively. Moreover, we indicate node types with capital letters (like U for user type) and node instances with small letters (like u for a user instance). Definition 3.3: (Meta-Path [24] ) A meta-path is any directed path along the network schema. Formally speaking, given a network schema S G " pν, εq, the sequence ν 1
Ý ÝÝ Ñ ν k is a meta-path defined on S G where ν i P ν and ε i P ε. A meta-path is called homogeneous if all ν i s and all ε i s be the same; otherwise it is called to be a heterogeneous meta-path. [1] , [5] , [11] , [19] , [20] 
B. Anchor Link Prediction Problem
We now formally define the anchor link prediction problem. Given two heterogeneous social networks G s and G t as the source and target networks, besides their network schemas S G s and S G t respectively, the goal of anchor link prediction is to predict the formation of anchor links pu s i , u t j q where the user u t j who is called target user, is not currently in the target network and will be joined in the future.
The key challenge of anchor link prediction is the fact that the target user is missing, and the formation of anchor link with the creation of target user have to be done simultaneously. Hence, conventional link prediction approaches cannot be applied to solve the anchor link prediction problem. In the next section, we propose the CRMP method which is a supervised approach to predict anchor links directed from the source to the target network.
IV. PROPOSED METHOD
In this section, we introduce the proposed method called Connector and Recursive Meta-Paths to solve the anchor link prediction problem in heterogeneous social networks. We first review the required background theories that our model is built upon them. Based on these theories, we then introduce connector meta-paths and recursive meta-paths which can effectively model the theories behind the joining a source users to the target network. Using these meta-paths, a feature vector is extracted for each non-anchor user from the source network that can be used to train a binary classifier to predict formation of new anchor links.
A. Background
There are many factors that causes a non-anchor user from the source network to join the target network and so become an anchor one. As shown in Fig. 3 , we categorize these factors in two classes: personal and social factors.
Personal factors are those factors that are related to the user profile itself. There are two main personal factors affecting a source user to join the target network. First, the dissatisfaction with the source network; and second, the attractiveness of the networks as G Despite most prior works [1] , [5] , [11] , [19] , [20] 
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We now formally define the anchor link prediction problem. Given two heterogeneous social networks G s and G t as the source and target networks, besides their network schemas S G s and S G t respectively, the goal of anchor link prediction is to predict the formation of anchor links pu The key challenge of anchor link prediction is the fact that the target user is missing, and the formation of anchor link with the creation of target user have to be done simultaneously. Hence, conventional link prediction approaches cannot be applied to solve anchor link prediction problem. In the next section, we propose our CRMP method which is a supervised approach to predict anchor links directed from the source to the target network.
IV. PROPOSED METHOD
In this section, we introduce our proposed method called Connector and Recursive Meta-Paths to solve the anchor link prediction problem in heterogeneous social networks. We first review background theories where our model is built upon them. Based on these theories, we then introduce connector meta-paths and recursive meta-paths which can greatly model these theories behind the joining a source users to the target network. Using these meta-paths, a feature vector is extracted for each non-anchor user from the source network that can be used to train a binary classifier to predict formation of new anchor links.
A. Background
Personal factors are those factors that are relative to the user itself. There are two main personal factors affecting a source user to join the target network. First, the dissatisfaction with the source network; and second, the attractiveness of the target network [21] . On the other hand, social factors which are called peer influence in [21] , are the influence of friends who have already joined the target network. We consider the effect of peer influence in two folds: First, the number of user's friends who are already joined the target network; and second, the amount of activity, similarity, and connections between those friends in the target network, which we call it the intimacy between friends. The more the number of a source user's friends and the intimacy between them in the target network, the more likely she is to join the target network.
In this paper, we just use social factors because of two reasons. First, according to [21] , peer influence is more effective than other factors in user intension to move from a social network to a new one. Second, the modeling of social factors can be generalized over different social networks, whereas personal factors are network dependent. In the following, we introduce connector and recursive meta-paths by which we model different social factors that results in formation of new anchor links.
B. Connector Meta-Paths
As we said, an important social factor that affects a source user to become a target one is the number of her friends in the target network. For a source user u s , the number of her followees who are in the target network can be found by counting the instances of the following meta-path starting with u
We now claim that not only the direct followees of a source user are effective in the user intension to join the target network, but also the user would be influenced by other anchor users who are in a way similar to that user. The reason behind this, is that the similar users often fall in the same community, and the users of a community usually perform similar actions and take similar decisions. For example, if a user belong to a community of educated people, and most of them have join a new social network, it means that the new social network is appropriate for educated people. As a result, being similar to anchor users is positively correlated with a non-anchor user's intension to join the target network. Therefore, we extend the "follow" relation in aforementioned target network [21] . On the other hand, social factors which are called peer influence in [21] , are the influence of friends who have already joined the target network. We consider the effect of peer influence in two folds: first, the number of user's friends who are already joined the target network; and second, the amount of activity, similarity, and connections between those friends in the target network, which we call intimacy between friends. The more number of a source user's friends and intimacy between them in the target network, the more likely she is to join the target network.
As we mentioned, an important social factor that affects a source user to become a target one is the number of her friends in the target network. For a source user u s , the number of her followees who are in the target network can be found by counting the instances of the following meta-path starting with u
We now claim that not only the direct followees of a source user are effective in the user intension to join the target network, but also the user would be influenced by other anchor users who are in a way similar to that user. The reason behind this, is that the similar users often fall in the same community, and the users of a community usually perform similar actions and take similar decisions. For example, if a user belong to a community of educated people, and most of them have join a new social network, it means that the new social network is appropriate for educated people. As a result, being similar to anchor users is positively correlated with a non-anchor user's intension to join the target network. Therefore, we extend the "follow" relation in aforementioned meta-path with a similarity relationship. We call the action of extending friendship relation with similarity relationship to be similarity extension. In order to model similarity between users, we define the notion of similarity meta-paths. Definition 4.1: (Similarity Meta-Path) Given a network schema S G , a meta-path σpU, U q " U R1 Ý Ý Ñ . . .
is called a similarity meta-path on S G if it is able to capture the similarity between endpoint users.
We do not impose any restrictions on choosing similarity meta-paths. Depending on the real application, one can define her own meta-paths based on the schema of the source and target networks in use. For the network schema shown in Fig. 2 , we suggest the following meta-paths proposed in [20] :
The meta-paths σ 1 to σ 6 are social similarity meta-paths which only use social relations to capture similarity between two users. On the other hand, the meta-paths σ 7 to σ 9 which are called spatial, temporal, and textual similarity metapaths, can use heterogeneous informations such as locations, timestamps, and words to capture similarity of endpoint users, respectively.
With the definition of similarity meta-paths, we now define the notion of connector meta-paths. Definition 4.2: (Connector Meta-Path) A connector metapath is defined as:
where σ˝α denotes the composition of relations σ and α.
A connector meta-path connects a source user to the target network using a similarity meta-path. It can be easily seen that the meta-path U s f ollow Ý ÝÝÝ Ñ U s anchor ÐÝÝÝÑ U t which were used to count the number of followees of a source user u s , who have joined the target network, is a special case of connector metapath when we use σ 1 pU, U q as the similarity meta-path.
C. Recursive Meta-Paths
Another important social factor that affects a source user to become a member of the target network, as we talked about in section IV-A, is the level of intimacy between friends of that user in the target network. Thus, we need to model the intimacy between different users on the target network. To this end, we use the same similarity meta-paths introduced in section IV-B as a measure of intimacy between users of the target network. The intuition behind this, is that if two users be more similar to each other, and have done more common activities, then more instances of similarity meta-paths would exist between them. Based on this fact, for a non-anchor user from the source network, we model the intimacy between her friends in the target network by using the following meta-path:
The instances of above meta-path which start and end with the same user u s , means that u s has followed some users in the source network, who have already joined the target network and they are connected to each other via similarity meta-paths in the target network. Therefore, the existence of more instances of this meta-path means that a greater number of her friends are connected in the target network, and thus the likelihood of joining the user to the target network is higher. Similar to what we did in section IV-B, instead of using only direct followees of u s , we extend this case using similarity extension as well which results in the definition of recursive meta-paths. Definition 4.3: (Recursive Meta-Path) A recursive meta-path is defined as:
We call this class of meta-paths "recursive" because their instances form cycles, which means for a source user u s , the path begins with u s , goes to the target network and then comes back to the source network via anchor links, and finally returns to u s herself. Recursive meta-paths show that similar users to u s in the source network, are also similar to each other in the target network. As a result, existence of a great number of instances of this meta-paths means that the members of the communities in the source network, also form communities in the target network, which is positively correlated with the intension of u s to join the target network.
D. Classification
Based on the meta-paths we introduced in the previous sections, for each user in the source network, we can extract a feature vector that can be used in a supervised (or semisupervised) classification method. The "path count" measure proposed in [24] can be used to extract features from metapaths. More formally, let f Ψi be the feature value based on connector meta-path Ψ i :
where P C Ψi denotes the path count of meta-path Ψ i , which is the number of path instances between u s and u t following the meta-path Ψ i . In this way, assuming there are c different similarity meta-paths defined for the source network, the connector feature vector for user u s would be of the form: Similarly, let f Φ i,j,k be the feature value based on recursive meta-path Φ i,j,k :
where P C Φ i,j,k denotes the path count of meta-path Φ i,j,k , then the recursive feature vector for user u s would be as follows:
assuming there are c different similarity meta-paths defined for the source network and r different similarity meta-paths defined for the target network. The CRMP method utilizes both connector and recursive feature vectors in the form of
to train a classifier in order to predict formation of anchor links initiated by the source non-anchor users.
V. EXPERIMENTS
We conducted extensive experiments to test the effectiveness of CRMP method by using real-world dataset. In this section, we first introduce the dataset and explain the experiment settings. Finally, we discuss about the experimental results.
A. Datasets
We used a heterogeneous dataset, composed of Twitter and Foursquare which have previously used in [5] , [11] , [19] , [20] . In addition to the structure of the two networks, we used locations, timestamps and text contents of the posts from both networks as heterogeneous information. During experiments, Twitter is used as the source network, and Foursquare (which is a newer network than Twitter) is used as the target network. The detailed statistics of these networks is presented in Table  II .
For each user of Twitter network, we used Twitter API to obtain the date she joined the network. Since the Foursquare API does not provide such capability, for each Foursquare user, we used the date of her first tip as the creation date of that user. A total of 3282 anchor users exist where about 1900 of them who have joined the target network after joining the source network, were used as ground truth to evaluate the performance of different methods including the proposed CRMP. The remaining anchor users were kept as existing anchor links between two networks.
B. Experiment Settings 1) Comparison Methods:
In order to evaluate the performance of CRMP, we used the following methods:
‚ CICF: This method proposed in [6] is the only method presented so far for the problem of anchor link prediction. 3) Experiment Setups: Anchor users who have joined the source network before the target network are selected as positive users set, whose number is 1936, and non-anchor users formed the negative users set, whose number is 1941. The target node of positive users were removed from the target network. For CICF method, the optimal parameters were found by using the grid search, and path count of similarity meta-paths were used as feature vector for edges. For CRMP and its variants, Support Vector Machines (SVM) with linear kernel and default parameters were used as the base classifier. We used 5-fold cross-validation for performance evaluation: 4 folds are used for training set and remaining 1-fold is used as the test set.
C. Experiment Results
We first evaluated the prediction performance of all methods, using both homogeneous features (which are extracted using social similarity meta-paths only) and heterogeneous ones (which are extracted using social, spatial, temporal, and textual similarity meta-paths), to see the effect of different feature sets on different methods in anchor link prediction. Since the number of existing anchor links between two networks is an important factor that affects the performance of anchor link prediction, we then compared the impact of different number of existing anchor links on all methods. Next, regarding the fact that the application of anchor link prediction is for new target networks, we analyzed the effect of different degrees of newness for the target network on different methods. Finally, we evaluated the effectiveness of similarity extension to verify our assertion about extending "follow" relation with similarity relationship in both connector and recursive meta-paths.
1) Effect of heterogeneous information: In Fig. 4 , we compared the performance of all methods using homogeneous and heterogeneous features to test the effectiveness of those features. The figure depicts that CRMP outperforms other methods under both Accuracy and AUC, using either homogeneous or heterogeneous features. Heterogeneous features increased the Accuracy of CMP, RMP, CRMP and CICF methods by about 2.5%, 8.5%, 3% and 7%, respectively. Under AUC, heterogeneous features result in an improvement of 1% on CMP, 4% on RMP, 3% on CRMP, and 2.5% on CICF. According to the results shown in the figure, using heterogeneous features, CRMP performs over 40% better than CICF under Accuracy, and over 60% under AUC. It can be induced that, RMP performs better than CMP, yet not better than CRMP. As a result, using connector and recursive metapaths together is the most effective approach in anchor link prediction, while using connector meta-paths exclusively, is the least.
2) Effect of remaining anchor links:
We kept a fraction of randomly sampled existing anchor links under the control of parameter γ A which changes within t0.1, 0.2, . . . , 0.8u and removed the remaining anchor links. The results are represented in Fig. 5 . As shown in the figure, it can be seen that CRMP method outperforms all other baselines consistently under both Accuracy and AUC measures. Under Accuracy and on average, CRMP is about 36.5% better than CICF, 2.5% better than RMP and 5.5% better than CMP. Under AUC, CRMP is about 54% better than CICF, 1% better than RMP and 5% better than CMP. We can see from the figure that as γ A gradually increases, the results of RMP and CRMP tend to become better, but CMP does not. This happens because as the number of anchor links increase, RMP and CRMP can leverage more information from the target network, but CMP, which does not utilize any information from the target network, remains approximately constant.
3) Effect of newness of target network: To represent different degrees of newness for the target network, we randomly sampled a fraction of information, including social links and tips, from the target network as available information under the control of parameter γ T , and removed remaining information. We set γ A to 0.8 and changed γ T within t0. than all other methods under different degrees of newness of the target network. On average, the Accuracy achieved by CRMP is about 36% better than CICF and 2.5% better than RMP. Under AUC, CRMP performs about 56.5% better than CICF and 1.5% better than RMP. We can also see that the performance of RMP and CRMP slightly goes down while γ T decreases. This result shows that when the target network is new and sparse, the CRMP method can still achieve good performance.
4) Effect of similarity extension:
We evaluated the correctness of similarity extension (SE) on CMP, RMP, and CRMP methods. By using only σ s 1 in building connector and recursive meta-paths, we can ignore the effect of similarity extension on these methods. Fig. 7 shows the Accuracy and AUC of No-SE and With-SE versions of CRMP and its variants. The results clearly demonstrate that applying similarity extension improved the performance of all methods considerably. Under Accuracy, similarity extension results in about 9% improvement in CMP, 20% improvement in RMP, and 16% improvement in CRMP. Under AUC, similarity extension increased the result of CMP by about 14%, RMP by about 22% and CRMP by about 22%.
VI. CONCLUSION
In this paper, we studied the problem of anchor link prediction between heterogeneous social networks, and proposed an effective method called CRMP to solve the problem. To model the social factors affecting source users to become target ones, two class of meta-paths, connector and recursive meta-paths, were proposed which are built from smaller similarity metapaths that capture the similarity between users. By using these meta-paths, a feature vector was extracted for each non-anchor user and used in a supervised classification to predict the formation of anchor links. Extensive experiments performed on real-world dataset of Twitter and Foursquare demonstrate that CRMP outperforms the recent relevant methods.
There are many possible future directions for this work. Performing dimensionality reduction to reduce the number of features, beside using semi-supervised methods such as PU link prediction [20] , can result in lower complexity and better prediction performance. Even though waiving personal factors brought simplicity to our model, it can be considered as a shortcoming for our approach. Thus, a potential study is to model personal factors and any other reasonable factors. Another interesting issue is to model the anchor link prediction using a temporal model to predict not only the formation of anchor links, but also the time of the formation of these links.
